Many treatments are evaluated using quasi-experimental pre-post studies susceptible to regression to the mean (RTM). Ignoring RTM could bias the economic evaluation. We investigated this issue using the contemporary example of total knee replacement (TKR), a common treatment for end-stage osteoarthritis of the knee.
INTRODUCTION
Identifying patients for treatment on the basis of a relatively poor health score is common practice in healthcare (Linden, 2013) . However, health symptoms can fluctuate over time and one-off measurements can be prone to error. On average, patients identified by poor scores improve upon re-measurement, even in the absence of treatment (Barnett et al., 2005; Linden, 2013) . This concept is known as regression to the mean (RTM), first documented in 1886 by Francis Galton who noticed that children from taller than average parents were typically shorter than their parents, while children from shorter than average parents were typically taller (Galton, 1886) . Milton Friedman has lamented the economics profession for ignoring biases driven by RTM (Friedman, 1992) .
Pre-post quasi-experimental studies are particularly susceptible to RTM due to the difficulties in establishing appropriate controls (Gardner and Heady, 1973; Davis, 1976) . Where randomized control trials (RCTs) explicitly measure control groups and therefore account for RTM in the calculation of the treatment effect (placebo responses include RTM (Morton and Torgerson, 2003) ), pre-post studies typically use the pre-treatment score as the control (Harris et al., 2006) . Economic evaluations based on these studies are therefore susceptible to bias from RTM, yet there has been little empirical research into the implications of RTM on cost-effectiveness analysis. To date, studies have explained RTM and provided approaches to identify it (Barnett et al., 2005) , quantified RTM in simulated datasets (Linden, 2013) , and briefly discussed its impact on decision-making in health (Morton and Torgerson, 2003) , but none have estimated the bias in incremental cost-effectiveness ratios caused by RTM in pre-post studies.
In this paper, we investigate this issue using the contemporary example of total knee replacement (TKR), a common treatment for end-stage osteoarthritis (OA) performed over 1.5 million times each year across OECD countries 1 (OECD Indicators, 2015) . Economic evaluations of TKR are typically based on pre-post study designs (see for example Waimann et al. (2014) ; Jenkins et al. (2013) ; Schilling et al. (2016) , or Dakin et al. (2012) ). These studies have shown that TKR improves health-related quality of life (HrQoL) relative to the preoperative score, yet surprisingly little is known about the trajectory of patients should they not have surgery. While OA is typically thought of as a degenerative disease, recent longitudinal studies have revealed, on average, stable or improved physical function, and the presence of RTM (Collins et al., 2014; Øiestad et al., 2016; Zou et al., 2016) .
We used a longitudinal observational dataset of almost 5000 OA patients, some of whom received TKR, to estimate a 'without surgery' control group for TKR using an exact and propensity score matching analysis. We traced the HrQoL trajectory of the matched control group to empirically estimate the prevalence of RTM in this cohort, and assessed the implications of RTM on the cost effectiveness of TKR. We then calculated a general RTM bias correction factor for economic evaluations based on pre-post studies because the ramifications of our findings are applicable to many common treatments that are evaluated using study designs susceptible to RTM. To aid the reader, Section 2 provides a background into the current methods of economic evaluations of TKR, how RTM can be estimated, and the derivation of the RTM bias correction factor, before proceeding as normal with Methods, Results, and Discussion Sections.
BACKGROUND

Current methods of economic evaluation of TKR
Economic evaluation of TKR is challenging. Ethical and practical difficulties with sham surgeries have limited RCTs (Macklin, 1999; Miller, 2003) . Joint replacement registries have been used successfully to identify the techniques and prostheses that deliver better outcomes (Graves and Wells, 2006) , but typically do not capture data on patients who do not have surgery. Researchers have analyzed waiting times to investigate how outcomes vary as a result of the timing of surgery; however, such research has not provided a comprehensive picture of the HrQoL trajectory in the absence of surgery (see for example Ostendorf et al. (2004 ), or Nikolova et al. (2016 ). Economic evaluations of TKR are therefore typically one-group pretest-posttest designs (Harris et al., 2006) , which use the patient's preoperative HrQoL utility score as the control (see for example recent studies by Jenkins et al. (2013) ; Dakin et al. (2012); Schilling et al. (2016) or Losina et al. (2009) ). The Quality Adjusted Life Year (QALY) gain from TKR is then calculated as the area between the actual HrQoL utility curve after TKR and this hypothetical constant 'without surgery' utility. Such an assumption for the control could significantly bias economic evaluations.
While the HrQoL trajectory of OA patients is still under considerable debate (Collins et al., 2014) , significant deterioration in pain and functional outcomes has been clearly observed in end-stage OA patients in the period immediately preceding the surgery (Riddle et al., 2013; Collins et al., 2014) . Assuming a constant 'without surgery' control at preoperative levels ignores the prior trend of deterioration, possibly underestimating the 'area between the curves' that represent the QALY gain from TKR (Dakin et al., 2012) . Alternatively, the presence of RTM could mean that patients identified for treatment by their relatively poor health state could experience improved outcomes upon future re-measurement even without treatment (Linden, 2013) . This would result in the current practice overestimating the true QALY gains from TKR.
Regression to the mean
RTM is sometimes considered a statistical concept (Barnett et al., 2005) , because it highlights the implications of random fluctuations in patient outcomes, but there are 'real' reasons why those fluctuations occur, such as the episodic nature of a disease, patient adaptation, variability with self-reported measurements, or simple randomness. These fluctuations should not be attributed to the treatment itself. The impact of RTM can be estimated by having or deriving an explicit control group for the treated and tracking their improvement over time, or where no potential control group is available, by using a formula derived in the literature based on assumptions about the data generating process and the cut-off used to decide on treatment. From Barnett et al. (2005) , the formula for calculating expected RTM in simple normally distributed repeated measured data is given by:
where the total variance of the outcome in period t is given by σ
t , the between subject variance is given by σ 2 b ¼ ρσ 2 t , ρ is the correlation between outcomes across time (a measure of the persistence of outcomes over time at the individual level), and C(z) = ∅ (z)/ ℵ(z) where z = (μ À c)/σ t if the selection for treatment occurs when the individual's score is less than the cut-off c. ∅ (z) and ℵ(z) are the standard normal probability density and cumulative distribution functions, respectively. This formula shows that higher levels of RTM are expected when the cut-off is more extreme (those within the selected treatment group are more likely to have been at an extreme outcome prior to treatment) and when there is little persistence in individual outcomes over time (individuals currently at extreme outcomes are expected to quickly return to the mean).
While the above formula has been shown to accurately estimate RTM in a simulated example for a simple data generating process, the results can be sensitive to the assumptions made (Linden, 2013) . In practice, the decision to treat is often based on more than one variable, may be assessed at multiple points in time, and may also be based on recent changes in outcomes rather than the current outcome level. In addition, as in the case of TKR, there may be an expectation of continued decline in health in the absence of treatment which may be heterogeneous across individuals. In these instances, using a comparable control group can provide a more compelling view of the HrQoL trajectory in the absence of treatment and the presence of any RTM. The ideal case for a comparable control group is where treatment is randomized such that the control group's outcomes are unrelated to treatment assignment. In non-randomized studies such as quasi-experiments, comparable control groups can be constructed by propensity score or exact matching, and the post-treatment trajectory of the control group compared to the trajectory of the treated.
Estimating the impact of regression to the mean on cost effectiveness
While it is known that economic evaluations based on pre-post quasi-experimental studies are susceptible to bias from RTM, there has been little research into the implications of RTM on cost-effectiveness analysis. To help fill this gap, we generalized the impact of RTM on cost effectiveness by developing a RTM bias correction factor based on the level of RTM. In pre-post quasi-experimental studies such as those used in the economic evaluations of surgery, the observed QALY gain from treatment QALY o is typically estimated as function of the observed change in utility scores ΔU o (the postoperative utility score minus the preoperative utility score), and the expected duration of the gain.
The presence of RTM has the effect of reducing the utility gain from treatment by some factor α (the ratio of RTM/observed treatment effect) such that the gain in QALYs after adjusting for RTM now becomes:
Assuming that RTM does not affect costs (a patient is not usually classified for treatment by their poor cost outcomes), the impact of RTM on the observed incremental cost-effectiveness ratio (ICER) can then be calculated as a function of α, the ratio of RTM/observed treatment effect:
where ICER o is the observed ICER, ICER r is the RTM-adjusted ICER, and 1 1Àα is the RTM bias correction factor (see full derivation in the Appendix).
METHODS
Data source
Data were obtained from the Osteoarthritis Initiative (OAI) database, which is publicly accessible at http:// www.oai.ucsf.edu/. The OAI is a multi-center, longitudinal, prospective observational study of knee OA that collects a range of socio-economic, healthcare access, self-reported, and clinical data on 4796 patients with OA aged 45-79 enrolled between 2004 and 2006. Specific datasets used are baseline, 12-month, 24-month, 36-month, 48-month, 60-month, 72-month, 84-month, and 96-month 
Treatment, outcomes, and associated factors
The treatment for this study was primary TKR. The primary outcomes were the HrQoL utility scores, calculated from the Short-Form Health Survey (SF-12) patient-reported outcomes using the standard Brazier algorithm (Brazier and Roberts, 2004) . The factors associated with the likelihood of TKR treatment were age, gender, race, annual income, access to health insurance, body mass index (BMI), smoking status, comorbidities as measured by the Charlson Comorbidity Index (Hall et al., 2004) , OA severity measured radiographically bycomponent summary (MCS), physical component summary (PCS), and HrQoL scores. BMI was classified as moderately obese (30-34.9 kg/m 2 ), severely obese (35-39.9 kg/m 2 ), and morbidly obese (>40 kg/m 2 ), comorbidities as none, 1, and 2 or more, race as white and non-white, and smoking status as current smoker versus non-smoker.
3.3. Statistical methods for estimating a control group for TKR to evaluate RTM Constructing appropriate control groups using propensity scoring is a common method for inferring causal treatment effects in the absence of randomized control studies or valid instruments, but most propensity score analyses are based on cross-sectional data where a single observation is observed for each individual (Lu, 2005) . However, the OAI is a longitudinal cohort dataset that follows individuals and tracks the progression of their OA over time including TKR as an end-stage treatment for some patients. We therefore followed Li et al. (2001) and Lu (2005) and calculated a proportional hazard for TKR, based on age, gender, race, radiographic OA at baseline; ongoing BMI, comorbidities, smoking status, HrQoL, PCS, MCS, and WOMAC scores at each follow-up. We then performed matching without replacement using the patient's hazard of treatment at each point in time. Note that we did not consider the cumulative hazard: recent research has found that the anticipated general deterioration in OA patients over long periods of time is not observed in practice (Collins et al., 2014) , but that relatively sudden deterioration in pain and function may trigger TKR (Riddle et al., 2013) . We therefore included annual change in HrQoL, PCS, and WOMAC in the model for predicting TKR.
Matching occurred such that a patient treated at time t could be matched against any patient not yet treated at time t. The treated could also act as a control if treatment occurred after time t + 2 years so that if selected as a control, the non-surgery trajectory could be observed for 2 years. Once treated, a patient was censored and could no longer act as a control (Li et al., 2001) . To reduce the possibility that a matched control patient might have commenced some other treatment, we censored controls if they commenced frequent medication or injection treatments during the comparator period. The dataset contains patients at different levels of OA progression, so we performed an exact match on the patient's KL score, to ensure that we were comparing patients with the same level of radiographic OA. As radiographic and symptomatic progression have been shown to be nonparallel (Collins et al., 2014) , we also performed an exact match on the patient's HrQoL (rounded to two decimal places), to ensure that we were comparing patients with consistent self-reported symptomatology. The propensity score was then used to further match patient characteristics, using a caliper (or a maximum allowable difference) of 0.05, or approximately 0.4 standard deviations. We chose HrQoL for the exact match rather than a WOMAC or PCS score because the focus of this research was on economic evaluations derived from HrQoL scores; however, we included an interaction term between HrQoL and WOMAC to capture any non-linearities between overall quality-of-life and knee-specific OA (for example to account for when HrQoL change may have been due to an unrelated condition).
We evaluated the balance between the treated and control covariates using standardized differences between means (Austin, 2009) , with a preferred cut-off of 10% for those covariates shown to be significant predictors of TKR as recommended by Ho et al. (2007) . To ensure similar distributions as well as means between the treated and control, variance ratios for the propensity score and continuous individual covariates were also evaluated as per Rubin (2001) . To assess the presence of RTM, we then compared the average HrQoL trajectories of those who have a TKR with their control matches who did not have a TKR. In some cases, an appropriate match could not be found for TKR patients with particularly high propensity scores. No control group could be estimated for this group, but to provide some indications of possible trends for the unmatched group, we repeated the analysis for subset of TKR patients that could be matched who had TKR propensity scores in the top 5 th percentile (were most likely to receive a TKR and therefore the most similar to the unmatched group). The matching analysis was carried out in Stata 13.1 IC (Stata Corp, College Station, USA) using the psmatch2 version 4.0.11 program (Leuven and Sianesi, 2015) .
Data for estimating a control group for TKR to evaluate RTM
We considered patients that had been observed for at least three years: one year prior to TKR to provide evidence of a consistent deterioration between treated and controls prior to surgery, and two years post TKR to show differences in the treated and control group after surgery. Baseline, 84-, and 96-month data were therefore censored due to the lack of prior and post data respectively. Sixty-month data were censored due to the lack of HrQoL, PCS, or MCS collection during this wave. For other missing data, linear interpolation was used for PCS, MCS, BMI and HrQoL where observations were available before and after the missing observation; last value carried forward was used for missing years for OA severity, comorbidities and smoking status. The data availability of the key variables is shown in the Appendix (Table 5) .
As some patients had their last follow-up many months before TKR, we needed to estimate their condition just prior to surgery (Øiestad et al., 2016) . We used regression imputation methods to estimate measured deterioration in HrQoL prior to TKR as a function of the time between the last follow-up measurement prior to TKR and patient covariates discussed previously. This regression was used to predict HrQoL at the time of TKR for recipients whose last follow-up measurement was more than three months prior to surgery. Postoperatively, the gains from TKR typically stabilize after six months (Naylor et al., 2009) . A measurement at a minimum of six months after surgery is therefore deemed an appropriate proxy for the 12-month outcome. For patients whose first follow-up was less than six months after TKR, the measurement of HrQoL was unlikely to reflect outcomes at 12 months. We therefore used their second follow-up post-surgery to represent their 12-month follow-up from TKR. In this way, the 12-month follow-up was measured on average 12 months after surgery, but between 6 and 18 months depending on the individual patient. The variation in outcomes between 6 and 18 months post-surgery is minimal relative to the variation between 0 and 12 months postsurgery (Naylor et al., 2009) . A more detailed description of this data adjustment procedure is provided in the supplementary analysis.
Robustness analysis for control group for TKR to evaluate RTM
To evaluate the uncertainty of the matching analysis, we bootstrapped the matching process, creating 1000 new datasets from the original dataset by sampling with replacement, and repeated the matching and calculation of treatment and control HrQoL trajectories. Confidence intervals were calculated from the percentiles of the bootstrapped results. Additionally, we parameterized the formula from the literature (equation 1) using the OAI data to provide a comparative estimate of RTM.
In supplementary analyses, we also completed a range of further checks to test the robustness of our results. We considered exact matching on WOMAC rather than HrQoL to investigate if matching on a knee-specific rather than generic patient reported outcome would provide a different result. To test the impact of the timing of follow-up measurements relative to the TKR, we repeated the analysis using just those TKRs that occurred within 3 months of a follow-up.
Implications for cost-effectiveness analysis
To investigate the implications of our findings on the outcomes from TKR, we estimated the QALY gains in the two years post-surgery, first using the standard preoperative utility score 'without surgery' control, and second using the control trajectory estimated from the matching exercise. We then assumed that utility scores measured at 2 years post-surgery continue to 15 years post-surgery, and that the cost of TKR is a constant $20,000 per surgery, broadly in line with previous economic evaluations (Losina et al., 2009) , to estimate the impact of our findings on overall cost-effectiveness. We present these results as indicative cost-acceptability curves for TKR when derived from the assumed control, versus when derived from the matching exercise. Finally, we confirmed the impact of RTM on cost effectiveness by estimating the RTM bias correction factor from equation 4.
RESULTS
Sample characteristics
After censoring, the number of primary TKRs observed was 263 out of a cohort of 4768. Of these, 184 (70%) had full data available to complete the matching analysis. Of the missing, 32 had insufficient length of followup (less than 3 years), and 47 had missing covariate data. Sample characteristics are shown in Table I . Of note is that over 96% of the cohort had access to some form of health insurance.
Matching
The results from the multivariate proportional hazards model of TKR are shown in Table II . The most significant independent predictors of TKR were severe OA, both radiographic (KL) and symptomatic (WOMAC), and deterioration in WOMAC. Non-whites, smokers, low income earners, and those with significant comorbidity were significantly less likely to have a TKR. Good mental health was positively associated with likelihood of TKR.
A total of 103 (56%) treated patients were able to be matched. The balance of the covariates between the matched treatment and 'without surgery' control groups is shown in Table III . The standardized differences were small with the majority of covariates falling under the 10% target, and a good balance achieved on the key predictors significantly associated with TKR: OA severity (both KL and WOMAC), MCS, WOMAC deterioration, and race. The matched control group were more comorbid and obese, and had a wider income distribution. The variance ratio between the matched treatment and control groups for the propensity score is 1.00, and the variance ratios for the covariates are close to one indicating both means and variance have been well balanced across the two groups. Eighty-one (44%) treated patients were unable to be matched. These patients had a higher treatment propensity score versus treated patients who were matched (mean 0.29 AE 0.10 versus 0.10 AE 0.09) and were significantly different across almost all patient characteristics. In particular, the unmatched had significantly poorer WOMAC, PCS, and HrQoL scores and experienced significantly larger deterioration in these scores prior to surgery, relative to matched TKR recipients (Table IV) . Figure 1 shows the mean of the HrQoL trajectory for the matched treated and control patients and 95% confidence intervals from bootstrapping. Prior to the surgery, there was a decline in HrQoL of almost 0.05 for both treated and control groups. After surgery, the treated group had a statistically significant increase in HrQoL of 0.05 resulting in a gain of 0.07 QALYs over the two years after surgery, relative to the preoperative HrQoL. However, the 'without surgery' control group also experienced a mean improvement in HrQoL of 0.02 and a gain of 0.02 QALYs relative to the preoperative HrQoL. The increase in HrQoL for the treated group is no longer statistically significant when compared to this 'without surgery' control group, and the estimated QALY gains from surgery reduce from 0.07 to 0.05 QALYs (33% reduction, 95% confidence intervals À5:78%).
Matched treated and control HrQoL trajectory
A proxy for the unmatched
An analysis of the matching showed that those with the highest propensity for TKR were least likely to be matched, because these patients invariably received a TKR. Thus, a sub-cohort of the matched group with the top 5 th percentile propensity scores was selected to investigate if the results would change based on the propensity for TKR. The 5 th percentile sub-cohort of the matched cohort therefore acted as a proxy to highlight the potential impact of RTM in the unmatched group (see Appendix Table 6 for comparison of these two groups). Figure 2 shows the HrQoL trajectory for the matched treated and control patients for a sub-cohort with the top 5 th percentile propensity scores. This sub-cohort had a larger deterioration in HrQoL of 0.10 prior to surgery, and a larger improvement in HrQoL of 0.14 for the treated group after surgery, relative to the full cohort. This resulted in a QALY improvement of 0.13 QALYs relative to the preoperative HrQoL. However, the control group for this sub-cohort also experienced a mean improvement in HrQoL of 0.06 and a gain of 0.06 QALYs relative to the preoperative HrQoL. Using this 'without surgery' counterfactual would reduce the estimated QALY gains from surgery from 0.13 to 0.07 QALYs (47% reduction, 95% CI À26:126%), and the HrQoL gains from surgery are no longer statistically significant.
Impact on cost effectiveness of TKR
Equation 4 showed how RTM impacts on the ICER for economic evaluations that use a pre-post quasiexperimental study design. The bias correction factor is increasing in α (Figure 3) , which suggests that cost effectiveness will be increasingly affected as RTM increases: RTM equal to 20% of the observed treatment Mean AE standard deviation are reported for continuous variables; counts (percentages) for discrete variables.
effect (α = 0.20) causes the ICER to increase by 25% (ICER bias correction factor = 1.25); RTM equal to 50% of the observed treatment effect (α = 0.50) causes the ICER to increase by 100% (ICER bias correction factor = 2). Using the matched controls, we estimated RTM equal to 39% of the observed treatment effect (α = 0.39), resulting in an ICER bias correction factor of 1.64. Figure 4 shows indicative cost-acceptability curves for the matched TKR recipients when using the standard assumption of a constant preoperative HrQoL in the absence of surgery (blue), and when using the matched control counterfactual from this analysis (red). Incorporating RTM in the matched control group significantly reduced the likelihood of cost effectiveness and increased the uncertainty around the cost effectiveness of TKR as illustrated by the flatter acceptability curve. At a willingness to pay threshold of $50,000/QALY, this suggests that TKR is likely to be cost effective for 50% of the matched treatment group rather than almost 100% suggested under the standard control assumptions. the mean of those with HrQoL ≤0.70 can be expected to improve by 0.03 simply due to RTM. This is similar in magnitude to that estimated from the matched control group and shown in Figure 1 .
DISCUSSION
Estimating regression to the mean in total knee replacement
Patients who receive TKR typically experience a significant drop in HrQoL in the year preceding the TKR, which might have suggested an ongoing decrease in the absence of TKR, but we found little evidence to support this. We identified matches to act as a control group for 56% of the primary TKRs in the OAI dataset. The average trajectory of this control group showed evidence of natural remission in HrQoL without the surgery intervention. This remission accounted for a third of the QALY improvements from surgery in the matched treatment group, and significantly reduced the cost-effectiveness of TKR, relative to the traditional assumption that in the absence of surgery, patients' HrQoL would have remained at preoperative levels. We discounted the possibility that remission in the control group was associated with the commencement of some other treatment as we censored controls if they commenced frequent medication or injections. Further investigating the wider OA literature, we found support for the theory that our findings were due to RTM. Researchers have shown that at the average level knee pain changes little over time and 'is characterized by persistent rather than inexorably worsening symptoms' (Collins et al., 2014) . At the individual level, pain and functional impairment is intermittent and variable (Gooberman-Hill et al., 2007; Zhang et al., 2011; Øiestad et al., 2016) ; patients actively adapt their behavior to mitigate the impact of OA on the lives (Gooberman-Hill et al., 2007; Wright et al., 2008) ; there is evidence of non-parallel progression between radiographic and symptomatic OA (Collins et al., 2014) ; and placebo effects, which include RTM, are common in OA-related RCTs: a recent meta-analysis of such RCTs found a placebo effect size of 75% of the total effect size (Zou et al., 2016) . Combined, this suggested that a poor WOMAC or HrQoL score in one year might not be indicative of a persistent poor score in the next and therefore that RTM was a plausible explanation of the improvement observed in our matched control group. This was supported empirically by our findings of RTM when the parameters from the OAI dataset were employed in equation 1.
Generalizability of findings
The TKR patients for which we were able to find appropriate non-TKR matches had relatively high preoperative HrQoL, and reported only modest gains from the surgery. By contrast, the unmatched TKR group had significantly poorer preoperative HrQoL and subsequently reported larger gains from surgery. It is the unmatched group that appears more representative of TKR patients across the United States (see Appendix Table 6 ), which posed some questions about the generalizability of our findings. However, in the analysis, we further explored the unmatched cohort by examining the results for a sub-cohort of the matched cohort who were most similar to the unmatched. This sub-cohort had comparable pre and post-surgery HrQoL to the unmatched group and also showed evidence of RTM (Figure 2 ), suggesting that our findings are generalizable to the wider United States.
In Australia and the United Kingdom, patients who receive TKR typically have a lower preoperative HrQoL and in turn achieve a higher gain in HrQoL from the surgery (see Appendix Table 6 ), and the rates of TKR across the population are much lower in these countries. It is therefore difficult to categorically conclude that RTM would be present in these settings; however, we note that (i) the sub-cohort of the matched with the lowest preoperative HrQoL and the highest gains from surgery showed evidence of RTM ( Figure 2) ; and (ii) that in the formula-based method for assessing RTM, the magnitude of RTM increases as the cut-off threshold for treatment becomes more extreme, as described in Section 2.
Implications for economic evaluations of total knee replacement
These results have implications for economic evaluations of TKR and related issues. In the absence of randomized controlled trials, many cost-effectiveness analyses use observational data and adopt methods such as regression or matching to help minimize bias (Kreif et al., 2013) . Economic evaluations in hip and knee surgery tend to ignore such methods, perhaps because of a lack of appropriate data; such evaluations tend to be based on surgery registries capturing only treated patients, rather than observational studies such as the OAI that track the OA disease over time. Our findings of RTM in the OA cohort suggest that cost-effectiveness analysis of TKR may be biased if an adequate control group is not established. This is also true for model-based economic evaluations that assume no expected improvement without treatment. A recent systematic review of joint replacement in the US highlighted 12 studies that had completed cost-utility analysis around TKR or TKRrelated topics (Nwachukwu et al., 2015) . All used some form of modeling (predominantly Markov or decision-tree), but none afforded non-operative patients any opportunity to improve. Similarly, Mather et al. (2014) found that TKR without delay was a cost-effective treatment when compared to waiting for TKR, but assumed that waiting was at a much lower utility (0.60 for end-stage OA, versus 0.90 after successful primary TKR) and did not allow for RTM while on the waiting list. Our results suggest that, at least for some of the TKR cohort, waiting might be accompanied by an improvement in HrQoL. The systematic review also evaluated the quality of each paper using the Quality of Health Economic Studies instrument and found that on average the papers were of high quality with a mean score of 89.9 out of 100 (Nwachukwu et al., 2015) , but the evaluations of quality appear to ignore the potential impacts of RTM.
Forty-four percent of TKR recipients were unable to be matched. These patients were significantly different in the key predictive attributes with poorer WOMAC, PCS, MCS, and HrQoL scores and larger deterioration prior to surgery. The inability to find matches for this group suggests that patients who had such a progression invariably had surgery and meant that we were unable to estimate an appropriate control trajectory. We analyzed the sub-cohort of the control group most similar to the unmatched group: those with a propensity score for TKR in the top 5 th percentile. We found that the trajectory of this sub-cohort of the matched control group also experienced RTM, consistent with the theory that RTM increases as the cut-off threshold for classification becomes more extreme. However, perhaps reassuringly, this highly likely to be treated sub-group experienced larger QALY gains from surgery relative to the full cohort, even after accounting for RTM. This suggests that in populations like Australia and the United Kingdom, where preoperative utility scores are relatively low and gains from surgery relatively large, TKR is still likely to remain cost effective, on average, even in the presence of RTM.
Wider implications for quasi-experimental studies
Our findings are generalizable to other quasi-experimental studies that use a pre-post study design. Such studies are likely to be susceptible to RTM just as we have shown with TKR. There are a range of mainstream treatments that fall under this category, including cardiovascular treatments such as statins (Ble et al., 2016) , infection control (Eliopoulos et al., 2005; Stone et al., 2007) , and public health initiatives (Cummins et al., 2005) . Economic evaluation of these treatments should consider RTM. Some steps noted in the literature are first to acknowledge RTM and where possible adjust for it (Morton and Torgerson, 2003) . Second, increasing the number of preoperative measurements will add certainty around selection into treatment (Davis, 1976; Stone et al., 2007) . Finally, we have provided a simple ICER bias correction factor based on the level of RTM.
Limitations
Several limitations warrant mention. First, the use of propensity score and exact matching is unlikely to be as effective as RCTs at eliminating bias. There is the possibility that unknown or unobservable factors are important in selection for surgery, that there are some underlying differences between the treated and control group, and/or that control group patients were treated for a non-related condition during the follow-up. It would be useful to replicate this study in conditions where both RCT and observational data are available, to provide a gold standard for adjusting observational data for the impact of RTM.
Nonetheless, the matching covered key socio-demographic, healthcare access, and disease-specific factors that have been identified in the literature as being associated with TKR (Apold et al., 2014) and considered important in tools being developed to aid decision-making (for example, the nomogram tool developed in Dowsey et al., 2016) . For the known, observable covariates, balancing was imperfect, and there was a trade-off between the degree of covariate balance and the proportion of the treated that could be adequately matched. Our preferred matching delivered balance on key predictive covariates but resulted in 44% of treated being unmatched. We found evidence of RTM in the sub-cohort of the matched most similar to the unmatched group, but the exact size of the RTM in the unmatched cohort could not be determined in the absence of a control group.
Second, there was large uncertainty in the expected trajectory of our control group. The OAI dataset is the largest long-term sample of OA progression available with almost 5000 patients followed over 9 years and counting, 2 but a larger sample would have allowed us to provide a more certain view of the average trajectory of patients who do not have surgery. Nonetheless, current economic evaluations typically assume with perfect certainty that the control group HrQoL remains at the preoperative utility score (for example Jenkins et al. (2013) ; Schilling et al. (2016); and Dakin et al. (2012) ). Our work provided some evidence to help inform more realistic control assumptions, even though further data and analysis would help to improve the certainty around the results.
A third limitation is the timing of follow-up relative to the TKR. We made adjustments to the data to account for this based on the literature and observed trends in this dataset. The supplementary analysis of the sub-cohort of patients who had TKR within three months of their last follow-up indicated that these adjustments had not biased the results, but ideally, follow-up would have aligned closely with the TKR event for all patients.
Conclusions
Despite the broad awareness of RTM, and the known susceptibility of common quasi-experimental study designs to RTM, many economic evaluations ignore it. This can lead to a bias in economic evaluation such that the cost effectiveness of treatment will be overstated. We found evidence of RTM in OA that accounted for a third of the previously predicted QALY gain from surgery and significantly reduced the cost effectiveness of TKR. This common example highlights the ramifications of ignoring RTM in cost-effectiveness analyses. Quasi-experimental pre-post studies are likely to be susceptible to RTM and should adjust for it in economic evaluations.
